HIGHLIGHTS
, i.e., Th1, Th2, Th9, and Th17) and regulatory T (Treg) cells (O'Shea and Paul, 2010) . Although their primary function is to provide protective immunity against various intracellular and extracellular pathogens, they can also exhibit inappropriate responses in inflammatory and autoimmune diseases (McKinstry et al., 2010; Ghoreschi et al., 2011; Cosmi et al., 2014) . Th17 cells are a subset of Th cells that are characterized by the expression of their key transcription factors, STAT3 and RORC and the chemokine receptor CCR6 as well as by the secretion of signature cytokines interleukin (IL)-17A and IL-17F. They are critical in combating fungal infections and contribute to the pathogenesis of several inflammatory and autoimmune diseases and various cancers (Herná ndezSantos and Gaffen, 2012; Bailey et al., 2014; Burkett et al., 2015) . The characterization of the molecular mechanisms regulating the differentiation and function of the Th17 cells is therefore of great interest for research into the etiology and treatment of these diseases.
Until now, our understanding of the proteins that are most important in Th17 differentiation and function in both human and mouse has originated from transcriptional profiling analyses (Ciofani et al., 2012; Tuomela et al., 2012; Yosef et al., 2013; Gaublomme et al., 2015) . These analyses have identified a number of genes that now serve as key markers for Th17 cells. However, this approach is limited as some transcriptional changes are not necessarily reflected at the proteome level (Vogel and Marcotte, 2012) . For example, several post-transcriptional and post-translational mechanisms modulate the stability and activity of many of the proteins involved (Liu et al., 2016) . Characterization of the cellular proteome of Th17 cells enables the discovery of unique protein signatures and regulated cellular pathways that drive Th17 cell development and function. A better understanding of the proteome during the differentiation process facilitates the rational design of drugs targeting Th17-mediated inflammatory and autoimmune diseases.
Mass-spectrometry (MS)-based proteomic analysis is a powerful tool for comprehensively profiling the proteome in different cellular systems, including T cells Howden et al., 2013) . Previously, MS-based proteomic analysis of differentiating T cells focused mainly on classical Th1 and Th2 cells using in vitro differentiation systems (Loyet et al., 2005; Rautajoki et al., 2007) . In addition, addressing disease-related traits, the proteomic profiles were compared for in vivo differentiated Th1 and Th1/Th17 cell clones isolated from biopsies of gut samples from patients with Crohn disease (Riaz et al., 2016) . Recently, a number of studies identified a distinct set of differentially regulated proteins when comparing the proteomes of CD4+CD25+ Foxp3 expressing natural Treg cells and induced Treg (iTreg) with CD4+ conventional T cells both in human and mouse (Kubach et al., 2007; Duguet et al., 2017; Cuadrado et al., 2018; Schmidt et al., 2018) . Most recently, a study reported Th17 proteome profiles in mouse (Mohammad et al., 2018) . Although studies of the molecular profiles and mechanisms governing different Th and Treg cell differentiation have been mostly performed in mouse, previous reports that have compared the transcriptomic profiles of human and mouse have revealed significant differences between the two species (Schwanhü usser et al., 2011; Vogel and Marcotte, 2012) . As the findings from studies based on mouse disease models often cannot be replicated in humans, studies in humans are critical (Mestas and Hughes, 2004; Mak et al., 2014 ).
In the current study, we utilized a label-free MS-based approach to build a quantitative dataset on the cellular proteome of naive CD4+ human T cells, CD3/CD28 activated T (Th0) cells, and Th17 cells at 24 and 72 hr after the initiation of polarization. Statistical analysis of the data revealed a Th17-cell-specific proteome signature with a number of proteins regulated during Th17 cell differentiation already at the early stage of the differentiation process. Moreover, selected proteins with previously known and unknown Th17-related functions were validated in additional samples by distinct methods to confirm the results. Furthermore, the proteomics and transcriptomics data generated in this study were compared to determine the degree of concordance between these two. Notably, a comparison of our human Th17-regulated proteome with the mouse Th17 proteome demonstrated poor overlap between the two species. Last, using the RNA interference (RNAi) approach, we demonstrated SATB1 as a negative regulator of human Th17 cell differentiation process in contrast to mouse, where it positively regulates Th17 cell differentiation (Ciofani et al., 2012) . This study illustrates the global protein landscape and the mRNA-protein associations during early human Th17 cell differentiation. This dataset provides a valuable resource of candidate proteins potentially regulating the differentiation and functions of Th17 cells in humans. Further investigation on these candidate proteins might lead to the rational design of targets with therapeutic potential for modulating Th17-mediated immune responses in humans.
RESULTS

Quantitative Proteomic Analysis during Initiation of Human Th17 Differentiation
We investigated the quantitative changes in the cellular proteome of human naive Th cells during the early stages of human Th17 cell differentiation using shotgun label-free quantitative (LFQ) proteomics. Naive CD4+ T cells isolated from the human umbilical cord blood were either activated by T cell receptor (TCR) cross-linking with CD3 and CD28 antibodies (Th0 cells) or polarized with a cytokine cocktail of IL-1b, TGF-b, and IL-6 in combination with TCR/CD28 cross-linking to initiate Th17 cell differentiation. Polarization was monitored by the expression of Th17 cell marker genes, including CCR6, IL-17A, and IL-17F, and the master transcription factor RORC ( Figures S1A-S1D ). The Thp cell sample and the Th0 and Th17 cell samples at 24-and 72-hr time points post-initiation of polarization were collected from five individual donors. To rule out the possibility of polarization toward interferon (IFN)-g-expressing pathogenic Th17 cells, expression of the IFN-g cytokine was monitored in three separate Th17 cultures prepared in a similar manner (Figures S1E and S1F) . The samples were prepared using the filter-aided sample preparation protocol and analyzed in triplicate by liquid chromatography-tandem MS (LC-MS/MS) ( Figure S1G) .
respectively. Likewise, in response to combined TCR activation and Th17-polarizing cytokines (Th17 versus Thp), 1,180 and 1,572 proteins were downregulated and 1,108 and 1,699 proteins were upregulated in Th17 cells at 24 and 72 hr, respectively. As expected, owing to the similarity of the cells at the early stage of Th17 polarization, the differential expression analysis between Th17 and Th0 cells revealed only 148 and 175 proteins differentially regulated at 24 and 72 hr, respectively ( Figure 1A ; Tables S1 and S2 ). Among the proteins that were DE in the Th17-polarizing conditions in a time-point-specific fashion (i.e., detected as DE only at either time points), 60 and 92 proteins were upregulated and 56 and 51 proteins were downregulated at 24 and 72 hr, respectively ( Figures 1B and 1C) . Interestingly, only a small number of DE proteins were found to be common at both time points ( Figure 1D ), suggesting that the differentially regulated proteins have a stage-specific function in driving Th17 differentiation.
Among the proteins detected as DE in this data, several are previously known to be preferentially expressed and regulated during Th17 differentiation. These included AHR (Veldhoen et al., 2008) , JUNB (Carr et al., 2017) , FOSL2 (Ciofani et al., 2012) , RBPJ (Meyer zu Horste et al., 2016) , SIRT1 (Lim et al., 2015) , REL , CCL20 (Eriksson et al., 2015) , and TNFSF8 (Sun et al., 2010) . Notably, our analysis also identified several other proteins (e.g., UHRF1, GK, ICAM1, KDSR, ATF3, IL4IT, APOD, VIM, PALLD, PTGFRN, and KDM6A) differentially upregulated with unexplored/unknown functions in Th17 cells ( Figures 1B and 1C) . Interestingly, proteins related to antiviral pathways (e.g., IRF7, MX1, OAS, OAS31, and OASL) were upregulated, suggesting the role of IFN signaling in driving Th17 differentiation. We observed the upregulation of the ADP ribosyl transferase poly (ADP-ribose) polymerase (PARP) superfamily proteins, including PARP-9, PARP-10, and PAPR-14, together with the RNA helicase DEAD-box proteins, such as DDX58 and DDX60. PARP-14 is highly expressed and positively regulated during the development of Th17 and T helper follicular cells in mouse by modulating the phosphorylation of STAT3, a key transcriptional regulator of both (Mehrotra et al., 2015) . Several negative regulators of Th17 cell development (Ciofani et al., 2012; Yosef et al., 2013) , including IRF8, ETS1, STAT4, FYN, CASP1, and SMAD3, were significantly downregulated in differentiating Th17 cells. Interestingly, among the downregulated proteins, we also observed several proteins with unexplored function in Th17 biology including ELF1, IL16, BTLA, LAIR1, UHRF1, ANXA1, NDFIP1, and NDFIP2.
Functional Analysis of the Th17 DE Proteins
We examined the enrichment of Gene Ontology (GO) annotations for biological processes among the DE proteins over both time points. The GO analysis revealed significant (FDR %0.05) enrichment of approximately 300 biological processes (Table S3 ). The enriched processes included a number of important immunological processes, such as regulation of immune system development, immune system processes, response to external stimulus, cell surface receptor signaling pathways, cytokine production, cytokine-mediated signaling pathways, positive regulation of cellular metabolic processes, T cell activation, and lymphocyte differentiation ( Figure 2A ; Table S3 ).
We observed that proteins related to lipid metabolic process were highly regulated in Th17 cells, which is in agreement with the recent studies showing the role of fatty acid metabolism in regulating Th17 cell differentiation and function ( Figure 2B ) (Berod et al., 2014; Santori et al., 2015) . Known proteins of interest, such as VDR (Chang et al., 2010) , are involved in lipid metabolism and have previously been linked to Th17 differentiation. MSMO1 and CYP51A1 are both also involved in lipid metabolism and have been reported to regulate RORC expression and the pathogenic activity of Th17 cells (Santori et al., 2015) . Our analysis additionally identified a number of other proteins related to lipid metabolism signaling whose functions in regulating Th17 differentiation have not yet been defined (Table S3) . As expected, we observed a number of proteins that were common to the immune system process and response to cytokines, including CD274 (PD-L1), CCL20, IFIT1, IRF7, and ETS1 ( Figure 2B ). Notably, proteins induced in response to IFN and antiviral pathways were highly enriched for the GO term ''response to cytokine,'' including OASL, ISG20, IRF7, and IFN-induced protein with tetratricopeptide repeat (IFIT) family proteins.
The Ingenuity Pathways Analysis (IPA; https://www.qiagenbioinformatics.com) was used to assign the molecular functional types and cellular locations of the proteins DE between Th17 and Th0 cells (Figures S3A -and downregulated proteins between Th0 and Thp cells, Th17 and Thp cells, and Th17 and Th0 cells at 24 and 72 hr. At 72 hr, the number of proteins detected up-or downregulated already at 24 hr is shown in darker color. The Z score standardized expressions of the DE proteins between Th17 and Th0 unique to 24 hr (B), unique to 72 hr (C), and common to both time points (24 and 72 hr) (D). Black color in the heatmaps stands for undetected/missing value. and S3B; Table S3 ). The IPA analysis revealed distinct molecular function types for the Th17-regulated proteins, including enzymes ($23%), transcription regulators ($12%), transporters and kinases (5% each), transmembrane receptors (4.6%), peptidases and cytokines (3.5% each), phosphatases (2.5%), and G-protein receptors (1.1%). In addition, a small fraction of the Th17 DE proteins was recognized as growth factors, ligand-dependent nuclear receptors, ion channels, and translation regulators (<1% each). A major fraction of the Th17 DE proteins (>37%) were classified as others owing to their undefined functions (Figure S3A) . Moreover, the IPA analysis for cellular compartment revealed four major cell locations for the proteins DE between Th17 and Th0 cells, including the cytoplasm (45.4%), nucleus (23.8%), plasma membrane The averaged standardized expressions of 10 of the most upregulated and 10 of the most downregulated proteins in each of the three chosen representative GO biological processes. The GO analysis was performed using DAVID over both time points. The detected proteome was used as a reference background.
(19.9%), and extracellular space (8.2%), with only 2.8% of the DE proteins belonging to an undefined (other) cell location ( Figure S3B ; Table S3 ). Thus the enrichment of proteins assigned to various molecular functional types and their location at different cellular compartments indicate the involvement of distinct signaling pathways and transcriptional mechanisms during differentiation of Th17 cells. In conclusion, our analysis identified proteins from almost all the functional types and cellular compartments, providing a valuable resource for further investigation of candidate proteins potentially regulating the differentiation and function of Th17 cells in humans.
An Interaction Network for the DE Proteins during Early Th17 Cell Polarization
To understand the relationships between proteins identified in our data, we performed a protein-protein interaction network analysis for the proteins DE in Th17 cells at both time points by mining the STRING database . Of the 291 unique proteins detected as DE between Th17 and Th0, 146 were found to have known experimental or predicted interactions (Figure 3 ). Altogether 443 interactions between the 146 proteins were detected. To further examine the possible functional elements among the interacting proteins, we identified clusters based on the interactions in the resulting network (Table S4 ). This yielded altogether 15 clusters, with seven of the clusters having four or more interacting proteins. The average interaction score between the cluster members in the identified clusters was high (0.77-0.93, range 0-1). To infer the functional relevance of the identified clusters, we examined the prevalence of the enriched GO biological processes within the seven clusters (Table S3 ). To further complement our network analysis, we included the changes in expression between Th17 and Th0 for the interacting proteins. The functional interaction analysis identified cluster 1 as the largest cluster with altogether 78 interconnected proteins related to distinct GO biological processes, including immune responses, positive regulation of cellular metabolic processes, and response to organic substances as the top three representative GO biological processes ( Figure 3A) . A large proportion of the proteins included in cluster 1 were either upregulated at 24 or 72 hr or downregulated at 24 hr, whereas only a small portion seemed to be downregulated at 72 hr. In addition, all the proteins of clusters 2 and 3 were related to lipid metabolic processes ( Figure 3A) . Furthermore, all proteins included in clusters 2 and 3 were found to be differentially regulated only at 24 hr (except for ACSL4, which was upregulated also at 72 hr).
Furthermore, to gain insight into the biological implication of expression changes in cluster 1, we analyzed the proteins in the context of biological pathways. A close examination identified three distinct functional sub-clusters within cluster 1 that were further called for functional enrichment of biological pathways (Figure 3B) . The proteins in sub-clusters 1 and 3 were enriched for biological pathways involving signaling by TGF-b receptor complex, IL-6-mediated signaling events, signaling by interleukins, Th1 and Th2 cell differentiation, and the JAK-STAT signaling pathway. Interestingly, we observed a number of proteins in these two sub-clusters that are known modulators of Th17 cell differentiation, including CDK6, RUNX1, JUNB, SIRT1, RBPJ, TNF, SLAMF1, and FAS (positive regulators of Th17 cell differentiation) and FOSL2, SMAD3, ETS1, STAT4, and FYN (negative regulators of Th17 cell differentiation). Noticeably, the majority of proteins in sub-cluster 2 were upregulated in Th17 condition at 72 hr and enriched for antiviral immune pathways including IFN-a/b signaling, RIG-I-like receptor signaling pathway, and NOD-like receptor pathway ( Figure 3B ). The enrichment of antiviral proteins in the network at this early stage of differentiation is interesting because they are known to negatively modulate Th17 differentiation (Ramgolam et al., 2009; Ye et al., 2017) . However, the expression of IRF-8 was downregulated in Th17 cells at 24 hr. IRF-8 is a known suppressor of Th17 cell differentiation in mouse (Ouyang et al., 2011) . Further studies are needed to characterize the role of proteins related to antiviral pathway in human Th17 cell differentiation. To summarize, we identified protein-protein interaction networks of the proteins related to distinct biological processes and cellular pathways indicating their coordinated regulation during early Th17 cell differentiation program.
Validation of Mass-Spectrometry-Identified Th17 DE Proteins
MS-based global proteomics approaches for protein identification rely on probability algorithms and benefit from further validation by targeted MS or other methods, such as immunoblotting or flow cytometry. We used all these three means to validate the expression profiles of selected candidate proteins. Results using western blot and flow cytometry analysis are shown in Figures 4A, 4B , and S4). We have previously shown the changes in protein expression of BASP1 ( Figure 4A ), LMNA ( Figure 4A ), and ATP1B1 (in Figure 4D ) in Th17 cells, and these were used here as marker genes that further confirmed consistency between our current and previous results (Tuomela et al., 2012) . Western blot analysis for the selected Th17 upregulated proteins (JUNB, SIRT1, CTNNA1, FAS, VIM, and IRF7) and downregulated proteins (SATB1, SMAD3, STAT4, and ETS1) showed consistent results with the proteomic analysis ( Figures 4A,  4B , and S4). Using flow cytometry, we also validated the expression of OASL and ATF3 at 72 hr after the initiation of Th17 cell polarization. Again, the results were in agreement with the proteome data showing Th17-specific increased expression of OASL and ATF3 ( Figure 4C ). The function of BASP1, LMNA, CTNNA1, OASL, ATF3, and VIM in modulating Th17 cell differentiation and functions remains to be studied.
In addition, we confirmed the expression of five additional candidates with unknown function in Th17 biology, namely, PALLD, ACSL4, SMTN, RDX, and FHOD1 in addition to ATP1B1 using a targeted MSbased selected reaction monitoring analysis ( Figure 4D ). Long-chain acyl-CoA synthetase 4 (ACSL4) The network is based on all high-confidence experimental and predicted interactions from the STRING database.
(A) The network of protein-protein interactions from the DE proteins between Th17 and Th0 over both time points. The representative significant GO biological processes and cluster identities are shown only for clusters 1-7 (clusters sized >3).
(B) Cluster 1 divided into sub-clusters and the enriched pathways identified using the ReactomeFIViz Cytoscape plug-in. The letter in parentheses after each pathway name denotes the source of the annotation: R, Reactome; K, KEGG; N, NCI PID. The edges in the networks were bundled for a clearer representation. The logarithmic fold change between Th17 and Th0 at 24 hr (node inner circles) and at 72 hr (node outer circles) was implemented as continuous color mapping. For a clearer representation, the logarithmic fold changes are truncated to a range of À2 to 2.
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belongs to the class of enzymes that catalyses addition of a coenzyme-A (CoA) group to free long-chain fatty acids, specifically arachidonic acid and eicosapentaenoic acid, and converts them into acyl-CoA forms (Kang et al., 1997) . As recent studies have advocated the role of lipid metabolism in regulating Th17 cell differentiation and function (Berod et al., 2014; Wang et al., 2015; Sun et al., 2017; Young et al., 2017) , it will be of interest to investigate how ACSL4 regulates Th17 cell function. The formin-homology-domaincontaining protein FHOD, radixin (RDX), and smoothelin (SMTN) are cytoskeleton proteins that regulate cell migration and contraction (Niessen et al., 2005; Schulze et al., 2014) . Radixin is a part of membraneassociated ERM (ezrin-radixin-moesin) family proteins that plays a key role in activation and T cell homeostasis by regulating cell adhesion, migration, and mobility and promotes T cell-antigen-presenting cell interaction (Faure et al., 2004; Mü ller et al., 2013) . The role of these proteins in regulating Th17 cell functions remains to be established. To summarize, we confirmed the protein expression changes for the selected proteins detected by proteomics analysis by alternative methods in separate, independent biological replicates. These candidates provide interesting targets for further functional studies to reveal unknown mechanisms regulating Th17 cell differentiation and function.
Comparison of the Transcriptome and Proteome of the Differentiating Th17 Cells
To find out the degree of concordance between protein and corresponding mRNA expression, we compared proteome and RNA sequencing (RNA-seq) datasets from the same human Th0 and Th17 cells at the 72-hr time point. Altogether 12,400 transcripts were detected from RNA-seq data ( Figure 5A ; Table S5 ). Proteomics and transcriptomics showed high degree of overlap as there were transcripts corresponding to 95.5% (5,661) of the 5,923 proteins detected by LC-MS (Table S5 ). Approximately half (54.3%, 6,739) of the protein-coding genes detected in RNA-seq data was not detected in the corresponding proteomics data. This is consistent with recent studies on other types of human T cells showing that approximately 35%-60% of the protein-coding genes detected by RNA-seq data were not detected in the corresponding proteomic data (Cuadrado et al., 2018; Schmidt et al., 2018) . To gain further insight into the Th17-cell-specific protein expression changes and their relative mRNA expression changes, we examined the overlap of differentially regulated proteins with the mRNA transcriptome data. Of total 191 differentially regulated proteins, 186 were detected in transcriptomics data, among which 172 were DE (Th17 versus Th0). Altogether 262 proteins were uniquely detected in proteomics data, of which 257 proteins were not differentially regulated between Th0 and Th17 cells. Three proteins were DE in proteomics but not detected in transcriptomics data, and two proteins were detected only in one cell type in proteomics data, but not detected in transcriptomics data ( Figure 5A ; Table S5 ). The Pearson correlation coefficient analysis of the logarithmic fold changes showed a good correlation for all the common detections between proteomics and transcriptomics (0.519, p value < 0.001, n = 5,661). Importantly, an improved correlation was observed for the common DE proteins and DE transcripts (0.825, p < 0.001, n = 154). As anticipated the DE findings unique to proteomics among the common detection showed a poor correlation (0.233, p = 0.35, n = 18) ( Figure 5B , Table S5 ).
For a more comprehensive comparison of the proteomics and transcriptomics data, we focused our analyses on the common differentially regulated proteins (163 proteins) either detected only in one condition (nine proteins; detected either in Th0 or Th17 condition) or DE proteins (154 proteins) having corresponding DE transcripts between Th17 and Th0 ( Figures 5C-5E ). Noticeably, among the 163 differentially regulated proteins with corresponding detected transcripts, a large majority (93.2%) was changed in a similar fashion between mRNA and protein levels (Figures 5C and 5D; Table S5 ). Among these, 107 proteins and their corresponding mRNAs were consistently upregulated, including RBPJ, RUNX1, CCL20, BASP1, ATP1B1, and LMNA, and 45 proteins and their corresponding mRNAs were consistently downregulated, such as SMAD3, SATB1, ETS1, IL2RG, and Nedd4-family-interacting protein 1 (Ndfip1). However, 11 molecules showed opposite expression changes between mRNA and protein expression for both upand downregulated genes at both time points ( Figure 5E ). This anti-correlation profile of proteins and mRNA observed in our data was also seen in another study comparing human iTreg transcriptome and proteome (Schmidt et al., 2018) . Of note, 21 proteins DE between Th17 and Th0 cells were not detected as DE in the transcriptome data ( Figure 5F and Table S5 ), suggesting that they may be post-transcriptionally regulated. Furthermore, the transcripts corresponding to CCSMST1, ACTBL2, and APOA2 proteins were not detected in transcriptomics data across all replicates. Further validation and evaluation of the differences in the expression profiles of these proteins with available good-quality antibodies such as GOLIM4, CNTRL, CASP1, RAD18, CNBP, NDFIP2, and ITM2B are required to understand the mechanisms responsible for their regulation. Thus our comparative analysis of the transcriptome and the proteome showed mostly similar, and also opposite expression, changes in the mRNA-protein levels, consistent with dynamic regulation of mRNA and protein expression. Moreover, our analysis highlighted the importance of proteomic analysis in complementing measurements on the transcriptome level.
Comparison of the Human and Mouse Proteomes during Early Th17 Cell Polarization
Mouse models have served as a useful tool for characterizing the biochemical and in vivo functions of genes. However, when used to model human diseases, the extent to which findings from mouse genetic models translate to humans has gained limited success. Importantly, using a systems biology approach, previous studies have revealed differences between mouse and human (Mestas and Hughes, 2004; Shay et al., 2013; Pishesha et al., 2014) . Our recent study identified conserved and diversified gene signatures from the comparison of human and mouse transcriptomes during Th17 cell polarization (Tuomela et al., 2016 ). To further establish the level of dissimilarity, we made direct comparison with data from a recently published proteomics dataset from mouse Th17 cells cultured for 72 hr (Mohammad et al., 2018) . The proteome profiles of CD4+ T cells 72 hr after TCR activation and Th17 polarization were compared using the aforementioned mouse data and the human data from the current study.
Comparison of the proteins detected in human (5,917 proteins) and mouse (3,731 proteins) revealed high degree of overall overlap as homologs for almost 85% of the mouse proteins were also detected in human ( Figure 6A , Table S6 ). To make the comparison of the differentially regulated proteins more comprehensive, we used a threshold of FDR 0.1 (used in Mohammad et al., 2018) in both datasets to define the DE proteins. In agreement with our previous study (Tuomela et al., 2016) , there was very limited overlap between the proteins differentially regulated between Th17 and Th0 cells, respectively, in human and mouse. Of the 758 and 397 proteins differentially regulated at 72 hr between Th17 and Th0 in mouse and in human, respectively, only 33 proteins were detected as differentially regulated in a similar fashion in human and mouse ( Figure 6B ; Table S6 ). Moreover, 18 proteins showed regulation in expression the opposite direction in human and mouse.
Of the 33 proteins whose expression was regulated similarly in human and mouse ( Figure 6B ), 15 and 18 proteins were upregulated and downregulated, respectively, in Th17 conditions at 72 hr ( Figure 6C ). Further analysis of the 18 proteins that showed opposite expression patterns between Th17 and Th0 in the two species at 72 hr revealed eight proteins (including DDX58, CD44, REL, and PRDX4) with upregulation in human and downregulation in mouse. The 10 proteins differentially upregulated in mouse and downregulated in human Th17 conditions included IL16, SATB1, LEF1, and LPXN ( Figure 6D ). The relative changes in expression of CD44 and SATB1 were validated both in human and mouse with western blot. RORyt and BATF proteins were used as polarization markers for mouse Th17 cell differentiation (Figure S5A) . The immunoblot results demonstrated that the expression of these proteins was consistent with comparative analysis of quantitative proteomic data ( Figures 6E and S5B ).
SATB1, a chromatin organizer and transcription factor, is known to control the expression of a large number of genes involved in T cell development, activation, and differentiation both in mouse and human (Alvarez et al., 2000; Ahlfors et al., 2010; Notani et al., 2010; Burute et al., 2012) . Both in mouse and human, SATB1 regulates Th2 cell differentiation by directly controlling the expression of its target genes and mediates topological looping of the transcriptionally active chromatin to the Th2 cytokine locus (Cai et al., 2006; Notani et al., 2010) . FOXP3-mediated inhibition of SATB1 expression in human Treg cells is critical for their suppressive function as well as repression of genes for effector T cell differentiation (Beyer et al., 2011) . Although the expression of SATB1 is conserved between Th2 and Treg cells, its opposite expression profile in human and mouse in Th17 cells suggests a different role in driving Th17 cell differentiation. CD44 is a transmembrane glycoprotein with diverse functions in a variety of cell types (Baaten et al., 2010b) . In T cells, CD44 deficiency in Th1 cells leads to compromised cell survival and abrogated generation of cellular memory to viral infection (Baaten et al., 2010a) . CD44 is also required for the suppressive function of Treg cells by promoting persistent expression of FOXP3 and suppressive cytokines TGF-a1 and IL-10 (Bollyky et al., 2009 ). Mice lacking Cd44 gene have an increased secretion of IL-17 and severe experimental autoimmune encephalomyelitis (EAE) disease score (Flynn et al., 2013) . However, a contrasting study revealed CD44 deletion to downregulate Th1/Th17 differentiation, promote Th2 differentiation, and ameliorate clinical EAE disease score (Guan et al., 2011) . Because, the majority of the understanding on the regulation and functions of CD44 in T cells have come from studies in mouse, the opposite expression profile of CD44 in human and mouse Th17 cells deserves further studies to clarify its function in humans. Our results suggest these proteins to have different roles in polarizing Th17 cells in human and mouse. Moreover, the vast majority of the proteins detected as DE between Th17 and Th0 at 72 hr after the initiation of Th17 polarization in human were not detected as DE in mouse, and vice versa. Furthermore, we detected a number of proteins in one species, but not in the other. For instance, the proteins CEP250, ANXA1, ALCAM, OAS3, and BASP1 were not detected at all in Th17 cells in mouse, whereas LY9 and CDKN1B were not detected in human Th17 cells. Moreover, the proteins, BACH2, SH2D2A, FOXO1, DLGAP4, SLC4A7, TMLHE, LDLRAP1, CPD, and KDM3B were not detected in mouse Th0 condition.
To address the level of conservation (similarity) of protein signatures between human and mouse, Pearson correlation coefficients were calculated for logarithmic fold changes (Th17 versus Th0) of the proteins detected in human and mouse. Overall, the analysis revealed very little correlation (R 2 = 0.102, p value < 0.001, n = 3,143), although it was somewhat better for the proteins that were DE in both human and mouse (R 2 = 0.304, p value = 0.46, n = 8) and for the DE proteins unique to human among the common detections (R 2 = 0.34, p = 0.04, n = 73) ( Figure 6F , Table S6 ). Upon examination of 25 most up-and downregulated DE proteins in human and mouse, we found only IL2RG detected in both species. In addition, SATB1 (human) and RBPJ (mouse) were also detected as DE in both species, but not among the 25 most up-and downregulated in one of the species ( Figure 6G , Table S6 ). Overall, our analysis identified a very low degree of similarities in DE protein signatures between human and mouse, as well as a number of proteins even with opposite expression patterns, underscoring why studies using mouse genetic models have limited success in recapitulating the results in humans.
Repression of SATB1 Expression Contributes to Human Th17 Cell Differentiation
The expression of SATB1 in distinct Th and Treg cells is shown to be conserved between human and mouse (Ribeiro de Almeida et al., 2009; Ahlfors et al., 2010; Beyer et al., 2011) . SATB1 expression has been previously reported to be upregulated in mouse Th17 cells (Ciofani et al., 2012; Mohammad et al., 2018) . However, we found SATB1 transcription to be downregulated during human Th17 cell differentiation (Tuomela et al., 2012 (Tuomela et al., , 2016 . This observation was further complemented by the findings, both at transcript and protein levels from our current transcriptomics and proteomics data and further validated by real-time quantitative PCR analysis and western blot analysis ( Figures 4A, 6D , 6E, 7A, and 7B; Table S4 ). To examine the role of SATB1 in human Th17 cells, RNAi was used to silence its expression. Introduction of SATB1-specific small interfering RNA (siRNA) (siSATB1) in differentiating Th17 cells resulted in a significant decrease in the expression of SATB1 both at mRNA and protein levels when compared with non-targeting scramble siRNA ( Figures 7C, 7D , and S5C). SATB1 silencing in Th17 cells led to increased transcription of marker cytokines IL-17A and IL-17F genes as well as the secretion of IL-17A cytokine ( Figures 7E and 7F) . In addition, depletion of SATB1 resulted in the increased expression of Th17-specific chemokine receptor, CCR6 ( Figure 7G ). Overall, depletion of SATB1 results in increased expression of the Th17 cell signature genes suggesting it acts as a negative regulator of Th17 cell differentiation in humans.
DISCUSSION
The role of Th17 cells has been established in the pathogenesis of inflammatory and autoimmune diseases and cancer (Ghoreschi et al., 2011; Bailey et al., 2014) . Since their discovery a decade ago, most studies have used mouse model to identify key regulators and molecular mechanisms driving Th17 cell development and function. However, the molecular mechanisms and signaling pathways that regulate human Th17 cell differentiation remain largely unclear. Our understanding of the human Th17 cell development and functions rely on studies of individual gene function or studies utilizing genome-wide transcriptional profiling to gain a holistic systems view (Tuomela et al., 2012 (Tuomela et al., , 2016 Gaublomme et al., 2015) . However, genome-wide transcriptome analysis only describes the general characteristics of molecular changes (Stubbington et al., 2015) and does not necessarily reflect the specific phenotypic changes, which are controlled at the protein level.
In the recent years, global proteomic approaches have been adapted for the global analysis of complex proteomes in several distinct human immune cell types, including B and plasma cells (Salonen et al., 2013) , macrophages and dendritic cells (Becker et al., 2012; Eligini et al., 2015; Worah et al., 2016) , neutrophils (Tomazella et al., 2009) , resting T cells (Howden et al., 2013) cytotoxic T cells (CTL) (Hukelmann et al., 2016; van Aalderen et al., 2017) , natural killer T cells (Scheiter et al., 2013) , Th1 and Th2 cells (Filé n et al., 2009) , and Treg cells (Kubach et al., 2007; Duguet et al., 2017; Cuadrado et al., 2018; Schmidt et al., 2018) . In addition, a recent study describing the proteomes of Th1/Th17 clones derived from the gut biopsies of the patient with Crohn disease identified protein signatures of ''mixed'' Th1/Th17 phenotypes using MS-based protein identification and quantification (Riaz et al., 2016) .
In the present study, we have used a label-free MS approach to reveal qualitative and quantitative proteomic differences between Th0 and Th17 cells during early stages of cellular stimulation and differentiation from naive CD4+ T cell subsets isolated from the umbilical cord blood. To understand the dynamics of protein expression changes during early stages of Th17 cell differentiation, we characterized proteome changes at 24 and 72 hr after initiation of the Th17 cell polarization. Despite the fact that the vast majority of the proteome is shared between TCR-activated cells (Th0) and cells primed for Th17 cell polarization at this early stage, our analyses demonstrated significant temporal and lineage-specific changes in the proteome. Overall, we observed clear differences in protein abundance associated with Th17 cell polarization.
Our analysis of the cellular proteome during early Th17 cell differentiation identified the differential expression of 291 proteins. The detected DE proteins included key protein markers used to characterize early differentiating human Th17 cells, such as cell surface markers (CCR4, CTLA-4, ICOS, and PDCD1), cytokines (CCL20 and TNF-a), and nuclear proteins (RUNX1, SIRT1, AHR, RBPJ, JUNB, REL, and FOSL2). These findings support the overall strength of the proteomic data generated and the MS-based approach implemented in this study. In addition, we discovered a number of additional proteins with significant differential expression between Th17 and Th0 cells that might have functional effects on Th17 development and function. Such examples are two glycosylphosphatidylinositol (GPI)-anchored cell surface glycoproteins, namely, semaphorin 7A (SEMA7A; also known as CD108) and CD109. SEMA7A is a negative regulator of T cell responses (Czopik et al., 2006) . It has important roles in inflammatory and autoimmune disorders, including rheumatoid arthritis, multiple sclerosis, and colitis ( 
Gutié rrez-Franco et al., 2016
). Yet, the molecular mechanism of how SEMA7A regulates differentiation and functioning of Th17 cells is not known. Likewise, CD109 is a co-receptor for TGF-b that negatively regulates TGF-b signaling. CD109 does this by coupling with caveolin-1, which mediates internalization and degradation of TGF-b receptors via receptor-mediated endocytosis or via regulating SMAD7/Smurf2-mediated degradation of TGFBR1 (Bizet et al., 2012) . The regulation of TGF-b signaling contributes to the development of Th17 cells. At lower concentrations, TGF-b supports Th17 differentiation, and at higher concentrations, it promotes the differentiation of Treg cells. Besides its role in controlling TGF-b signaling, in human keratinocytes CD109 amplifies the activation of STAT3 (Litvinov et al., 2011) , a transcription factor also required for Th17 development.
Interestingly, FURIN, found to be upregulated in Th17 cells in our analysis, is a pro-protein convertase enzyme involved in the processing of CD109 into the 180-kDa secreted form and 25-kDa GPI-anchored form, suggesting that FURIN participates in regulating CD109-mediated molecular functions. In mouse, the deficiency of FURIN in T cells causes T cell expansion/activation, impaired production of TGF-b1, and breakdown of the peripheral tolerance (Pesu et al., 2008) . However, the molecular mechanisms by which FURIN regulates Th17 cell development are still unclear. Consistent with these findings, Th17-specific upregulation of FURIN and CD109 in our analysis suggests that they may participate in controlling the development and function of Th17 cells via an overlapping pathway.
A number of proteins involved in the regulation of nuclear structure organization or function were found to be differentially upregulated (e.g., LMNA, MYOF, BASP1, IRF7, BHLHA15, PARP9, PARP10, PARP14, and CDK6) or downregulated (e.g., ELF1, ACTBL2, CHURC, CNBP, SATB1, IRF8, and IKZF1) in Th17 cells. These observations suggest an important role of these proteins in influencing nuclear architecture and function, which are active parts of regulating chromatin structure or transcription. In mouse, IRF8 has been shown to inhibit Th17 differentiation where IRF8 physically interacts with RORgt, and suppresses Il-17a transcription (Ouyang et al., 2011) . The reduced expression of IRF8 in human Th17 cells when compared with Th0 cells further supports its role as a negative regulator of Th17 cell differentiation. The expression of IKZF1 (Ikaros) was downregulated in Th17 cells across all replicates. However, a study of Ikaros knockout mouse has shown that IKZF1 positively regulates the development and function of Th17 cells (Wong et al., 2013) . The role of IKZF1 in the human system has not been reported. Further studies are needed to uncover the mechanisms and functions of these proteins in the regulation of Th17 cell development.
The mapping of protein-protein interactions is important in understanding the molecular mechanisms regulating cellular processes. The STRING analysis showed a highly cohesive protein-protein network and revealed abundant functional interactions between the proteins involving distinct GO biological processes. The majority of the protein-protein interactions in the network were related to the regulation of cellular metabolic processes with a number of the interactions involving proteins of lipid metabolic process. The role of a few proteins (e.g., FADS2 and FASN, ACC1, AHR, and HSD17B7) of the lipid metabolism pathway from our network has been recently reported to regulate Th17 function (Berod et al., 2014; Hu et al., 2015; Santori et al., 2015; Wang et al., 2015; Sun et al., 2017) .
Among the validated Th17-regulated proteins, JUNB, SATB1, SMAD3, STAT4, ATF3, and ETS1 have previously been shown to have functional roles either in the context of Th17 cells or other Th cell subsets. In addition, RUNX1, ATP1B1, KDSR, LMNA, VDR, and BASP1 were validated at the protein level also in our previous report (Tuomela et al., 2012) . The STAT3-dependent expression of JUNB and its role in positively regulating Th17 cell differentiation have been recently described in mouse model (Carr et al., 2017) . Furthermore, SMAD3 (Martinez et al., 2009 ) and ETS1 (Moisan et al., 2007) negatively regulate the murine Th17 cell function. STAT4 is a major regulator of Th1 cell differentiation and function, and is a critical component in maintaining the balance between Th17 and Treg cells under disease states (Xu et al., 2011) . Importantly, some of the validated proteins, including BASP1, LMNA, IRF7, ATF3, ACSL4, FHOD1, SMTN, ATP1B1, RDX, PALLD, and OASL have previously been poorly characterized or not reported to regulate Th17 cell differentiation and function and are hence candidates for functional follow-up studies. For example, we have previously reported that ATF3 directly regulates the human IFN-g expression and promotes Th1 differentiation (Filé n et al., 2010) . However, the role of ATF3 in regulating the differentiation and function of human Th17 cells remains to be studied. In a mouse model, IRF7 silencing in resting CD4+ cells resulted in the increased secretion of Th17-associated cytokines (e.g., IL-17A, IL-17F, IL-21, IL-22, and IL-9), suggesting that IRF7 is a negative regulator of the Th17 response (Tao et al., 2014) . However, the molecular mechanisms responsible for the expression of IRF7 and how it regulates human Th17 cell polarization are still unclear.
Recent studies have addressed the role of lipid metabolism in regulating Th17 cell differentiation and function (Berod et al., 2014; Wang et al., 2015; Sun et al., 2017; Young et al., 2017) . As an enzyme involved in lipid metabolic pathways, ACSL4 is an interesting candidate for further studies on regulation of Th17 cell differentiation. Other candidates of interest, although not related to lipid metabolism, are FHOD1, RDX, and SMTN. These structural proteins regulate cell migration and contraction (Niessen et al., 2005; Schulze et al., 2014) . However, their role in Th17 cell differentiation and function remains undetermined.
A comparison between the proteomic and transcriptomic profiles can provide valuable insight into the relationship between mRNA and protein expression that may not be feasible to achieve by separate analysis of either dataset alone (Nagaraj et al., 2011; Worah et al., 2016) . To that end, we compared the current proteomics data with RNA-seq data from the same samples processed for MS-based proteome analysis. Almost 95% of the proteins detected by LFQ analysis had transcripts for the corresponding protein-coding genes and displayed good correlation in their relative abundance versus Th0 (0.519) ( Figure 5B ) consistent with the recent studies on other cells including human Treg cells (Weekes et al., 2014; Cuadrado et al., 2018; Schmidt et al., 2018) . The DE proteins showed even improved correlation (0.819). However, we detected 21 proteins DE in a Th17-specific manner that were not observed at the transcriptome level. However, of these 21 DE proteins, only two proteins ITM2B and COX7A2L were also found to be DE and downregulated in Th17 condition in our reanalysis of the mouse proteomics data from Mohammad et al., 2018 . Moreover, they reported that the expression of ITM2B was DE in mouse Th17 transcriptomics analysis with opposite expression profile compared with their protein data (i.e., downregulated at the RNA level and upregulated at the protein level when Th17 polarized cells were compared with activated cells). COX7A2L was found to be downregulated in mouse both at the transcript and protein levels. The expression of CEP250 was observed as DE and downregulated in human proteomics data, whereas it was detected only in the Th0 condition in mouse proteomics data and not detected as DE in mouse transcriptomics data. Thus based on our analysis it appears that the majority of these 21 DE proteins are uniquely post-transcriptionally regulated in humans. To conclude, our study provides several candidate proteins whose roles in the regulation of Th17 differentiation and function are yet to be determined.
Comparative analysis of transcriptional changes in human and mouse during immune cell differentiation, including Th17 cell specification, revealed a conserved signature between these species (Shay et al., 2013; Tuomela et al., 2016) . This includes a panel of potential therapeutic targets that are regulated in a similar fashion in human and mouse and thus suitable for follow-up studies in experimental in vivo mouse models. In this study, we complemented our previous study by comparing human and mouse proteomes, which demonstrated remarkable differences in the regulation of protein expression between human and mouse during Th17 cell priming. Interestingly, only 33 proteins were differentially regulated in a similar fashion, whereas 18 showed regulation to the opposite direction in human and mouse. Although consistent with our previous results comparing DE transcripts from human and mouse during Th17 cell differentiation (Tuomela et al., 2016) , the lack of overlap at the protein level is even more striking. Moreover, our results are in line with other recent reports, including those from the ImmGen consortium, suggesting inter-species differences in the cellular machinery due to the operations of conservation and diversification of the trans-and cis-regulatory programs (Mestas and Hughes, 2004; Shay et al., 2013) . Although the proteins regulated in a similar manner in human and mouse are good candidates for follow-up functional in vivo studies in experimental mouse models, further investigation on the proteins regulated in opposite manner among common DE proteins in human and mouse along with human-specific DE proteins is critical for understanding their role in regulating Th17 cell differentiation and function in humans.
The expression of SATB1 was downregulated in human Th17 cells when compared with Th0 cells, suggesting its role as a negative regulator of human Th17 cell differentiation. However, a previous mouse study reported that SATB1 positively regulates Th17 function by controlling the expression of key Th17-related genes including Il-22, Il-17A and Il-17F, Il21, Il1R1, and Ccl20 (Ciofani et al., 2012) . Opposite regulation of this key chromatin organizer (i.e., SATB1) during early specification of human and mouse Th17 cells suggests fundamental differences in the process between the two species. Moreover, recently, conditional deletion of SATB1 in mouse showed impaired production of IL-17-and IFN-g in pathogenic T cells, and the mouse were resistant to the induction of EAE, suggesting a role of SATB1 for the generation of pathogenic Th cells (Akiba et al., 2018) . Using the RNAi approach, we showed that SATB1 knockdown induced an elevated expression of marker cytokines IL-17A and IL-17F and CCR6, a chemokine expressed on the surface of Th17 cells. This suggests SATB1 to be a negative regulator of Th17 cell priming. Further studies are required to gain insight into the molecular mechanisms through which SATB1 controls Th17 differentiation and function in humans.
In summary, our results revealed differences in the proteome of the cell types and time points studied and shed light on various perspectives of the early regulation of human Th17 cell priming. Beyond previous transcriptomics applications describing the regulatory programs that govern Th17 cell development and function in human and mouse, our study reports comprehensive proteomics data describing the initiation of human Th17 cell priming of naive CD4+ T cells derived from the umbilical cord blood. Hence, this study complements previous investigations to understand human Th17 cell priming. This study has resulted in the identification of a panel of proteins with unknown or poorly characterized functions in the context of Th17 development and function. We provide several previously unknown candidate proteins for further studies to reveal their influence on human Th17 specification and immunomodulatory and therapeutic potential for Th17-mediated immune diseases.
Limitations of the Study
This study describes the global cellular proteomic landscape during early human Th17 cell differentiation. However, the current data only represents unfractionated cellular lysates. The fractionation of the cellular compartments could have provided further insight into the differentiation process. Furthermore, mechanistic follow-up studies on key findings reported here are required and are interesting targets for future studies. Our comparison of human to mouse Th17 proteomics data showed very limited overlap. It would be important to consider the kinetics of the process in the mouse-here we compared our data with data from a reported parallel study in mouse, where only one time point had been analyzed. It will be important to functionally validate in the mouse system the few findings with consistent results in human. Understanding the molecular mechanisms of proteins regulated in a similar fashion in human and mouse is crucial for translational research.
Ethical Aspects
The usage of blood of unknown donors was approved by the Ethics Committee of the Hospital District of Southwest Finland. Experiments using animals' cells were in accordance with the relevant University Animal Welfare guidelines.
METHODS
All methods can be found in the accompanying Transparent Methods supplemental file.
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Isolation of mouse cells and in vitro cell culture
BALB/c mice were purchased from the University of Turku animal facility. Animals were handled and housed in accordance with the University of Turku animal welfare guidelines.
Cells were obtained from spleens of 8-to 10-week-old mice. Spleens were first macerated using a cell strainer and syringe plunger to make a single cell suspension, red blood cells were removed using ACK lysis buffer (Gibco by life technology, cat# A10492-01). Cells were then isolated by positive selection using monoclonal antibodies to CD4+CD62L+ coupled with magnetic beads (MACS Miltenyi Biotec; cat# 130-106-643) using a MACS preparation
MACS LS/MS column (MACS Miltenyi Biotec).
Cell cultures were performed in IMDM (Gibco) media supplemented with 5% fetal calf serum, 2 mM L-glutamine (Sigma-Aldrich), and 100 U/mL penicillin and 100 μg/mL streptomycin (Sigma-Aldrich) and 50 μM β-mercaptoethanol (Gibco). Cells were activated by plate-bound α-CD3 (1 μg/mL; BD PharMingen, cat# 553238) and soluble α-CD28 (2 μg/mL; BD PharMingen, cat# 557393) for 3 days (unless otherwise indicated) and cultured either under neutral conditions (Th0, TCR control) or Th17 differentiation conditions, which were induced by culturing the cells in the presence of TGFβ (1 ng/ml; R&D, cat# 240-B), IL6 (20 ng/ ml; R&D, cat# 406-ML), and IL-1β (10 ng/ml; R&D, cat# 201-LB). Neutralising antibodies anti-IFN-y (cat# 557530), and anti-IL-4(cat# 559062) (both at 10 μg/mL, BD PharMingen) were added to both neutral and Th17 differentiation conditions.
Mass-spectrometry sample preparation, preprocessing and preliminary analysis
Cell lysis: Proteins were extracted from the cell pellet using a lysis buffer (4% SDS, 0.1 M DTT, 0.1 M Tris-HCl, pH 7.6), heated at 95⁰C for 5 min. The lysate was then sonicated at high voltage with a setting of 5 cycles for 30 seconds and 30 seconds rest between cycles.
The cell debris were cleared by centrifugation at 16000g for 20 min, and a DC Protein Assay (#5000116, BioRad) was used to estimate protein amounts. 
Mass spectrometry analysis:
The dried peptides were reconstituted in formic acid/acetonitrile mixture, and an amount corresponding to 400 ng was analysed using EasynLC 1200 coupled to Q Exactive HF mass spectrometer (Thermo Scientific). The peptides were separated on 75 µm ID X 40-cm HPLC column, packed in-house with 1.9 µm Reprosil C18 particle (Dr Maisch GmbH). The peptides were eluted with a gradient from 7 to 25% B phase in 75 min then to 90% B in 15 min, at flow rate of 300 nL/min. The mobile phase compositions were, water with 0.1 % formic acid (A) and 80% acetonitrile 0.1% formic acid (B). The temperature of the column was maintained at 60⁰C using a column oven. The tandem mass spectra were acquired with higher-energy C-trap dissociation (HCD) of the 10 most intense ions (m/z 300-2000, charge states > 1+). The MS1 resolution was set to 120,000, with 3 x 10 6 AGC target value and a maximal injection time of 100 ms. MS/MS spectra were acquired in the Orbitrap with a resolution of 15,000 (at m/z 400), a target value of 50,000 ions, a maximum injection time of 250 ms. Dynamic exclusion was set to 30 s.
Triplicate analysis were performed for all samples in randomized batches.
Peptide and protein identification and quantification
The mass spectrometry raw files were processed using MaxQuant software version 1.5.5.1 (Cox and Mann, 2008) . Uniprot human database (May 2017) was used to search the peptide data using Andromeda as a search algorithm. The search parameters specified trypsin digestion with a maximum of two missed cleavages, carbamidomethylation of cysteine as fixed term modification and N-terminal acetylation and methionine oxidation as variable modifications. The peptide and protein level false discovery rates (FDR) were set to 0.01. The match between the runs option was enabled to transform the identifications across the mass spectrometric measurements. The label free quantification method (MaxLFQ) was used to determine the relative intensity values of proteins and to normalize the protein intensities between the samples (Cox et al., 2014) . Prior to the downstream dataanalysis, data was filtered to remove proteins with less than two unique peptides.
Contaminants and reverse hits were also removed (Table S1 ). The proteomic mass spectrometry data presented in this paper were submitted to PRIDE and have the accession number PXD008973.
Proteomics data analysis
All data analyses were performed using the R statistical programming software environment version 3.4.3 (R Core Team, 2015) .
Exploratory data analysis
To explore the similarity of the samples and the grouping of the biological replicates in the LFQ-normalized data, the R-package pheatmap (Kolde, 2015) was used ( Supplementary   Figure 2) . Pearson correlation coefficient was used as a similarity measure and hierarchical clustering with complete linkage for clustering the samples.
Differential expression analysis
The Reproducibility Optimized Test Statistic (ROTS) (Elo et al., 2008; Suomi et al., 2017) was used to detect the DE proteins between the conditions. Differential expression was examined separately for each comparison and time point. The examined comparisons were Th0 -Thp at 24h, Th0 -Thp at 72h, Th17 -Thp at 24h, Th17 -Thp at 72h, Th17 -Th0 at 24h and Th17 -Th0 at 72h. Technical replicates for a biological replicate were averaged and the data was log2-transformed prior to the differential expression analysis. FDR of 0.05 was used as a threshold to define the DE proteins. Differentially expressed proteins whose logarithmic fold change (LogFC) was > 0, were considered as up-regulated and proteins whose LogFC was < 0 were considered as down-regulated. Z-score standardization of the DE proteins in the compared samples was used for visualizing the changes in expression with heatmaps.
Enrichment analysis
The enriched GO biological processes were identified using the Database for Annotation, Visualization and Integrated Discovery (DAVID) version 6.8 (Huang et al., 2009a (Huang et al., , 2009b .
The GO FAT terms, which filter out the broadest terms, were considered. The enrichment analysis was performed using the DE proteins over both time points as the input and the whole detected and filtered proteome as the background reference. A biological process was considered enriched if it had FDR ≤ 0.05.
The enrichment of molecular types and cellular locations was further examined using the Ingenuity Pathway Analysis (IPA) (QIAGEN Inc.) (Krämer et al., 2014) . The enrichment of cellular locations and protein types between Th17 and Th0 was examined at 24h and 72h using the time point specific DE proteins as input for IPA and the whole detected and filtered proteome as a background reference. All the resulting IPA location and type information was collected.
Protein-protein interactions
To investigate protein-protein interactions, the DE proteins over both time points (24h and 72h) were entered into the STRING functional protein association networks database . Both predicted and known high confidence (interaction score ≥ 0.7) interactions were considered. The resulting interaction network was imported into
Cytoscape version 3.6.0 (Shannon et al., 2003) for visualization. Clusters in the interaction data were identified using the Cytoscape plug-in clusterMaker v2 (Morris et al., 2011) with the granularity parameter (inflation value) set to 1.8 as suggested by (Brohée and van Helden, 2006) . The GO biological process enrichment results over both time points were used to calculate the most frequent terms for each cluster, from which the most representative biological processes for each cluster were selected. The proteins in the main cluster were grouped according to the representative processes.
To further examine functionality in the identified network, enriched biological pathways in the main cluster (cluster 1) was examined using the Cytoscape plug-in ReactomeFIViz version 7.0.1 (Wu et al., 2014) . The ReactomeFIViz-plugin was used to discover subclusters in cluster 1 and to identify the enriched biological pathways in the discovered subclusters.
ReactomeFIVIz examines enriched pathways in a gene/protein set against multiple pathway-databases (Wu et al., 2014) ]. An FDR of 0.01 was used as a threshold for biological pathways in the subclusters to discover only the most important functionalities.
Targeted Proteomics Validation
Selected reaction monitoring (SRM) mass spectrometry was used to validate the relative abundance of ATP1B1, PALLD, ACSL4, FHOD1, SMTN and RDX in the Th17 cells at 72 h.
Heavy-labeled synthetic peptides (lysine (Farrah et al., 2012) with the dataset identifier PASS01204
Skyline was used to select the transition used for the assays subsequently process the data generated. The MSStats (3.8.4) plugin included in the Skyline software was used for the group comparison between cases and controls. The summed intensities of GAPDH peptides were used as a global standard to normalize the data from each analysis and Tukey's median polish method was used as the summary method. 
Transcriptomics data analysis
Preprocessing of the raw data
The RNA-seq raw reads were mapped to the Ensembl human reference genome GRCh38
(Genome Reference Consortium Human Build 38) (Zerbino et al., 2018) using the STAR aligner (Dobin et al., 2013) version 2.5.2. The read counts were generated using the featureCounts tool (Liao et al., 2014) in the Subread software package (Liao et al., 2013) version 1.5.1. Uniquely mapped reads were used for further analysis. The uniquely mapped reads were filtered for lowly expressed genes (genes with counts per million (cpm) >1 in at least 5 replicate samples were retained) and used for further analysis. The filtered gene counts were normalized using the trimmed mean of M-values (TMM) normalization from the Bioconductor package edgeR (McCarthy et al., 2012; Robinson et al., 2010) after which the data was transformed to counts per million (cpm), offsetted by 1 and log2-transformed.
Differential expression analysis was performed similarly to proteomics using ROTS (Elo et al., 2008; Suomi et al., 2017 ). An FDR of 0.05 was used as a threshold to define the DE genes. The RNAseq data presented in this study was submitted to the Gene Expression Omnibus (GEO) and has the Series record GSE118974.
Comparison between human and mouse proteomics data
To compare differentially regulated proteins (differentially expressed proteins and proteins detected in only one condition) between Th17 and Th0 in human and mouse at 72h during Th17 polarization, we used the published mouse proteomics raw data (Mohammad et al., 2018 ) and pre-processed it similarly to the human data using MaxQuant (version 1.5.5.1) with LFQ-normalization, filtering out proteins with less than two unique peptides, and removing contaminants and reverse hits. Similarly, as with the human proteomics data, the differential expression analysis was performed using ROTS. To make the comparison of the differentially regulated proteins more comprehensive, we used a threshold of FDR 0.1 in both datasets to define the DE proteins. Mouse genes related to proteins were mapped to orthologous human genes for the comparison using Ensembl BioMart (Zerbino et al., 2018) .
All the orthologous mouse genes from Ensembl 92 database to the human reference genome GRCh38 were considered. If multiple orthologous human genes existed for a given mouse gene, the most similar human orthologous gene according to the Ensembl database was selected.
Immunoblot Analysis
For the western blot analysis, cell samples were lysed in either RIPA (Pierce, #89901) or
Triton-X buffer (50 mM Tris-HCl, pH 7.5; 150 mM NaCl; 0.5% Triton-X-100; 5% glycerol; 1% SDS), supplemented with proteinase (Roche) and phosphate inhibitors (Roche) on ice with vortex every 5 min. Lysed samples were sonicated for 5 min under ice cold conditions (Bioruptor UCD-200; Diagenode), followed by centrifugation at maximum speed for 20 min at 4°C. Supernatants containing proteins were collected and quantified (DC Protein Assay;
Bio-Rad). The samples containing 15-30 g of protein was boiled with 6x sample loading dye (330 mM Tris-HCl, pH 6.8; 330 mM SDS; 6% -ME; 170 mM bromophenol blue; 30% glycerol). Samples were loaded on 4-20% gradient SDS-PAGE gels (Biorad), transferred to nitrocellulose membranes (Bio-Rad), and probed with the antibodies listed in Supplemental Table 7 . During the course of this study, immuno-blotting membranes were either cut into sections and each section was probed with separate antibodies, or the blots were striped with striping buffer (25mM Glycine and 1%SDS; pH 2.5) and re-probed successively with different antibodies recognizing proteins with different molecular mass.
IL-17A secretion
IL-17A production is a characteristic of CD4+ T cells differentiated toward the Th17 phenotype and can be detected in cell-culture supernatant at 72h using either the Milliplex 
IFN-γ secretion
Culture supernatants from CD4+ T cells differentiated toward the Th17 phenotype at 72h
were harvested and assayed by ELISA for IFN-γ secretion (Milliplex MAP human IL-17A+IFN-γ kit; Cat.no. HCYTOMAG-60K-02), according to the manufacturer's protocols.
For appropriate analysis, all values below the detectable range were considered zero.
Flow cytometry
Flow cytometry analysis of cell-surface receptor CCR6 detection was done at 72h after initiation of Th17 cell priming. In short, cells were washed twice with PBS, and staining was done in staining buffer (0.5% FBS/0.1% Na-azide/PBS) for 15 min at 4°C and data is either with Perm III buffer (BD Biosciences) before analysis. Cells were incubated with primary antibodies, followed by 30 min incubations with the secondary antibody when needed. The staining was controlled by using isotype specific antibodies or only with the secondary antibodies. The information regarding the antibodies used for staining is listed in Supplemental Table 7 .
Quantitative Real-time PCR
Total RNA was isolated using RNeasy kit (Qiagen, Valencia, CA). cDNA was synthesized with Reverse Transcription kit (Applied Biosystems, Foster City, CA) using oligo dT primers according to the manufacturer's instruction. TaqMan primers and probes for IL-17A, IL-17F, RORC and SATB1 were designed with Universal ProbeLibrary Assay Design Centre (Roche), in Absolute QPCR ROX Mix (Thermo Scientific). EF1a gene was used as endogenous control. The qPCR runs were analysed using the 7900HT Fast Real-Time PCR System (Applied Biosystems).
Cell transfection with small interfering RNA (siRNA)
Freshly isolated CD4+ T cells from umbilical cord blood were suspended in Optimem I (Invitrogen) and transfected with SATB1 targeting siRNA oligonucleotide (Sigma) (Table S7) using the nucleofection technique (Lonza). Four million cells were transfected with 5ug of siRNA after which the cells were rested at 37 0 C for 24h in RPMI 1640 medium (SigmaAldrich) supplemented with pen/strep, 2 mM L-glutamine and 10% FCS (2x10 6 cells/ml) and subsequently activated and cultured under Th17 culturing condition as described above.
Statistical analysis
A two-tailed student's t-test was used for determining the statistical significance of IL17A
and IFN-y secretion and percentage of CCR6 and IFN-y expressing cells at 72h of culture from three to five independent cultures. Statistical analysis of the mass spectrometry data is described in the respective method.
